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Inactivation of b-lactam antibiotics by resistant bacteria is a ‘cooperative’ behavior that may allow
sensitive bacteria to survive antibiotic treatment. However, the factors that determine the fraction of
resistant cells in the bacterial population remain unclear, indicating a fundamental gap in our
understanding of how antibiotic resistance evolves. Here, we experimentally track the spread of a
plasmid that encodes a b-lactamase enzyme through the bacterial population. We find that
independent of the initial fraction of resistant cells, the population settles to an equilibrium fraction
proportional to the antibiotic concentration divided by the cell density. A simple model explains this
behavior, successfully predicting a data collapse over two orders of magnitude in antibiotic
concentration. This model also successfully predicts that adding a commonly used b-lactamase
inhibitor will lead to the spread of resistance, highlighting the need to incorporate social dynamics
into the study of antibiotic resistance.
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Introduction
A frequent mechanism of antibiotic resistance involves the
production of an enzyme that inactivates the antibiotic
(Davies, 1994; Wright, 2005). The acquisition of such an
enzyme through a plasmid often imposes a metabolic cost on
the individual cell (Bouma and Lenski, 1988; Dahlberg and
Chao, 2003; Andersson, 2006); however, since resistant cells
inactivate the antibiotic, reducing its extracellular concentra-
tion, they help protect the entire bacterial population
(Dugatkin et al, 2003; Brook, 2004). Hence, antibiotic
inactivation can be viewed as a cooperative behavior,
suggesting that sensitive ‘cheater’ bacteria that do not help
to break down the antibiotic may be able to survive antibiotic
treatment in the presence of resistant cells.
Previous studies have provided valuable insight into the
evolutionary processes that govern the spread of antibiotic
resistance (Neu, 1992; Goossens et al, 2005; Weinreich et al,
2006; Lee et al, 2010; Zhang et al, 2011; Toprak et al, 2012).
However, despite the clinical importance of antibiotic resis-
tance phenotypes, there has been a relative dearth of
quantitative analysis of cooperative bacterial growth in the
presence of antibiotics. Many microbiologists have observed
the presence of ‘satellite colonies’ surrounding a resistant
colony on an agar plate containing the b-lactam ampicillin.
The presence of satellite colonies, which are composed of cells
that are in principle unable to grow in ampicillin, is evidence of
the extremely cooperative nature of ampicillin resistance.
Indeed, recent experiments have detected coexistence between
resistant and sensitive cells using a resistance enzyme that was
genetically modified to inactivate the antibiotic outside the cell
(Dugatkin et al, 2005; Perlin et al, 2009). Furthermore, it is
known in the clinic that bacteria carrying even wild-type
enzymes may provide protection to pathogenic but otherwise
sensitive bacteria (Hackman and Wilkins, 1975; Brook, 1984,
2004). The ability of sensitive bacteria to survive antibiotic
treatment suggests that the spread of plasmids that encode
cooperative antibiotic resistance genes should exhibit non-
trivial population dynamics.
Results
Population dynamics of antibiotic resistance
plasmids
To probe the population dynamics of such plasmids, we
co-cultured a sensitive strain of E. coli bacteria with an
isogenic strain containing an additional plasmid encoding a
b-lactamase enzyme. The enzyme hydrolytically inactivates
the antibiotic (Bonomo and Tolmasky, 2007), providing
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high-level resistance against ampicillin. In our experiments,
the bacterial culture was grown to saturation over 23 h in the
presence of ampicillin. The saturated culture was then diluted
(initially by 100 ) into fresh media containing the same initial
antibiotic concentration, serving as the starting culture for the
following day. Using flow cytometry, we were able to track
how the fraction of resistant cells changed over time (Materials
and methods; Supplementary Figures S1 and S2).
We found that in the presence of resistant bacteria, sensitive
bacteria survived and even thrived at a clinically relevant
(Foulds, 1986) antibiotic concentration of 100 mg/ml, which is
50-fold larger than their minimum inhibitory concentration
(MIC) (Figure 1A; Supplementary Figure S3). A bacterial
population with a high fraction of resistant cells inactivated the
antibiotic quickly, allowing its sensitive cells to increase in
frequency. Over time, the resistant fraction decreased until
finally settling to a value of B0.25. To test whether this
fraction corresponded to an equilibrium fraction, we started a
culture at a fraction below the supposed equilibrium. One
might have expected the resistant fraction to gradually
converge to the equilibrium value. Instead, the resistant
fraction initially overshot the equilibrium, jumping to
B0.95, and only then proceeded to decay to the equilibrium.
The resistant fraction at the end of the day therefore depends
non-monotonically on the resistant fraction at the beginning of
the day.
Using difference equation maps to study
population dynamics
Since the final cell density after 23 h of growth was
approximately constant regardless of the starting conditions
(Supplementary Figures S4–S6), the only parameter that
changed from day-to-day was the fraction of resistant cells.
To examine how the final resistant fraction depended on the
initial resistant fraction on a given day, we used the time
course data (Figure 1A) to generate a ‘difference equation’
map (Figure 1B) relating the fraction of resistant cells at the
end and beginning of each day. As expected, the difference
equation is non-monotonic as a result of the ‘overshoot’
discussed previously, and the equilibrium fraction can be
obtained by finding where the difference equation map crosses
the 45-degree line. In principle, if the underlying difference
equation is known, then one can estimate the dynamics of the
population over time by repeated application of the difference
equation (or by the process of cobwebbing illustrated in
Figure 1B).
In an attempt to map the difference equation using data from
a single day (instead of the 8-day time course used in Figure 1A
and B), we started cultures at a range of different initial
resistant fractions and measured the resulting final resistant
fractions after a single day of growth (Figure 1C). Such maps
obtained over a single day of growth recapitulated the
dynamics observed over multiple days, but with a slight
overestimate of the equilibrium-resistant fraction (Figure 1B;
Supplementary Figure S7). As might be expected, cultures
grown at higher antibiotic concentrations had a larger
equilibrium fraction of resistant cells (Figure 1C). However,
the difference equations revealed that over a broad range of
conditions, the sensitive cells could invade when present at
low frequency. Starting with a resistant fraction below the
equilibrium leads to an initial overshoot in the fraction of
resistant cells in the population. After the overshoot, the
resistant fraction proceeds to evolve to the equilibrium
fraction, which is independent of the initial composition of
the population. The resistant cells are not driven extinct by the
sensitive ‘cheater’ cells because b-lactamase is largely
contained within the periplasmic space of the resistant cells
(Nikaido and Normark, 1987; Livermore, 1995; Dugatkin et al,
2003), thereby giving them some preferential access to the
benefits of their ‘cooperative’ behavior (Gore et al, 2009).
Since both resistant and sensitive cells can invade the
population when present at low frequency, we observe
coexistence of the two strains even in our well-mixed liquid
cultures (Nowak and Sigmund, 2004; Doebeli and Hauert,
2005; Dugatkin et al, 2005; Gore et al, 2009). This coexistence
between ‘cooperators’ and ‘cheaters’ is similar to what is
A
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Figure 1 In the presence of resistant cells, sensitive cells can survive at
otherwise lethal antibiotic concentrations. (A) Experimental time traces showing
the evolutionary dynamics between sensitive E. coli and an isogenic strain that is
resistant as the result of a plasmid containing a b-lactamase gene. A single
resistant and a single sensitive colony were used to create three cultures with a
different initial fraction of resistant cells. These three cultures were then grown for
1 day in the absence of ampicillin to make sure that resistant and sensitive cells
experienced the same growth conditions (see Materials and methods). Then,
every 23 h, the fraction of resistant cells was measured using flow cytometry,
and the cultures were diluted by a factor of 100 into fresh media containing
100mg/ml ampicillin. Each data point represents a single flow cytometry
measurement. (B) The orange time trace that starts atB10% in subplot (A) was
replotted as a difference equation map that shows how the resistant fraction on
day nþ 1 depends on the fraction on day n. The light orange line is an estimation
of the difference equation. A simple trick to estimate the time dynamics with a
difference equation is to use cobwebbing (dark orange lines), in which the daily
dynamics are obtained by bouncing back and forth between the data line and the
dashed diagonal line. (C) For each antibiotic concentration (indicated adjacent to
each curve), a difference equation map was obtained experimentally by starting
populations at 24 different initial fractions and measuring the final fraction after
23 h of growth. The intersection of a given difference equation map with the
diagonal line represents the equilibrium fraction for that particular condition.
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observed when individuals are playing the cooperative
‘snowdrift’ game (Gore et al, 2009), although it is important
to note that our experimentally observed overshoot in resistant
fraction over time (Figure 1) indicates that the interactions
between different cell types here are much richer than are
assumed in the standard models in game theory.
A simple model captures the population dynamics
To better understand the population dynamics, we developed a
simple model that describes the growth of the bacteria in the
presence of antibiotics (Figure 2A and B; Supplementary
Figure S8). For the range of antibiotic concentrations we
probed, the resistant cells were essentially unaffected and
grew at a constant rate of gR (Supplementary Figures S8, S9B,
and S10). We assumed that sensitive cells grow at a rate of
gS4gR for antibiotic concentrations below their MIC, but die
at a rate of gD for higher concentrations (Supplementary
Figures S3, S8, and S9). Plating experiments showed that,
in addition to cell death, we should incorporate a short
lag phase that follows after inoculation of the bacteria
into fresh media, during which bacteria neither divide
nor die (Supplementary Figure S9). We modeled antibiotic
degradation phenomenologically using Michaelis–Menten
kinetics with a maximum rate per cell Vmax and an effective
Michaelis constant (KM) (Supplementary information). While
this model clearly neglects many aspects of bacterial growth in
antibiotics, it successfully captures the key features of the
dynamics (Figures 1C and 2C) and predicts conditions that
enable coexistence between resistant and sensitive cells
(Figure 2D).
We obtained an exact analytic solution of this model that
describes the dependence of the equilibrium-resistant fraction,
fR, on the initial antibiotic concentration, Ai, and initial cell
density, Ni. The model predicts that the equilibrium fraction
scales in the following manner:
fR  Ai þKM lnðAi=MICÞMIC
VmaxNi
)Ai44KM;MIC  Ai
VmaxNi
This relationship is surprisingly insensitive to many para-
meters, including the length of the lag phase, rate of cell
death, and cost associated with resistance (Supplementary
information). In particular, our analytic solution of the model
predicts that the resistant fraction at equilibrium increases
approximately linearly with the antibiotic concentration, a
prediction borne out in experimental difference maps obtained
at multiple antibiotic concentrations (Figure 3A–C). Moreover,
the model predicts that the equilibrium fraction is inversely
proportional to the starting cell density. This prediction was
experimentally confirmed by measuring the difference equa-
tions at four different starting cell densities. In each case, the
equilibrium-resistant fraction increases linearly with antibiotic
concentration, but with slopes that decrease with increasing
initial cell density (Figure 3A–C). We therefore find a surprising
simplicity to the population dynamics of the antibiotic
resistance plasmid in the population, despite the biological
complexity of the interaction between the cells and the
antibiotic.
In addition to providing significant insight into the popula-
tion dynamics, the model can quantitatively describe the
experimental data. To acquire realistic parameters for the
model, we measured the growth rate of resistant bacteria
(gR¼ 1.1/h; Supplementary Figure S9) and the relative growth
rate of sensitive bacteria (gS/gR¼ 1.15; Supplementary
Figure S11). Together, these allowed us to deduce the overall
metabolic cost of carrying the plasmid (gS gR¼B0.17/h),
which includes the cost of plasmid maintenance, of expressing
the b-lactamase enzyme, and of expressing a red-fluorescent
protein used for tracking the resistant fraction (Supplementary
Figure S1). Control experiments using another plasmid that did
not express a fluorescent protein exhibited similar population
dynamics (Supplementary Figure S12). We proceeded to
measure the death rate of sensitive bacteria in the presence of
the antibiotic (2.8/h; Supplementary Figure S9) and the lag
time before cell growth/death (1 h; Supplementary Figure S9).
Using these experimentally measured parameters, we then
fit our 30 measured equilibrium fractions (in Figure 3C) to
obtain estimates of MIC¼ 1.1 mg/ml, Vmax¼ 106 molecules/
(CFU  s), and KM¼ 6.7 mg/ml. This MIC is slightly lower than
our measured value (B2 mg/ml; Supplementary Figure S3)
because antibiotic concentrations below the measured MIC
already partially inhibit the growth of sensitive bacteria
(Supplementary Figure S3). In addition, our fitted value for
Figure 2 A simple model describes the population dynamics of a cooperative
antibiotic resistance plasmid in the b-lactam antibiotic ampicillin. (A) Growth rates
of resistant (blue) and sensitive (red) bacteria as a function of antibiotic
concentration. Free of the metabolic cost associated with resistance, sensitive
cells grow faster than resistant cells (gS4gR) at antibiotic concentrations below
the MIC of the sensitive bacteria. Above the MIC, sensitive cells die at a rate of
gD. (B) The population dynamics within a single competition cycle (1 day). During
the lag phase (totlag), neither cell type divides nor dies, but the antibiotic is
constantly hydrolyzed by resistant cells. After the lag phase, each sub-population
grows at a rate that depends on the extracellular antibiotic concentration. At time
tb, the extracellular antibiotic concentration drops below the MIC of the sensitive
cells. Cell growth ceases when the total population density reaches saturation.
Inset: the time trace of the resistant fraction within a single day. (C) The model
gives rise to difference equations that resemble experimental data (Figures 1C,
3A, and B). (D) The equilibrium-resistant fraction predicted by our model as a
function of the antibiotic concentration and the initial cell density. According to the
model, coexistence between resistant and sensitive cells is possible at antibiotic
concentrations above the MIC of sensitive cells.
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the maximum rate of hydrolysis per cell Vmax is reasonable
since a single enzyme can hydrolyze as many as B103
molecules per second (Nikaido and Normark, 1987). Although
the estimate of KM agrees with the literature values (from 4.9 to
26.5mg/ml; Livermore et al, 1986; Zimmermann and Rosselet,
1977; Dubus et al, 1994), we note that the KM in our model is a
phenomenological parameter because antibiotic hydrolysis
occurs both inside and outside the cells (Livermore, 1995;
Zimmermann and Rosselet, 1977). The resistant fraction at
equilibrium in our model increases linearly with the antibiotic
concentration forA4KM, but deviates slightly from linearity for
AoKM due to the Michaelis–Menten kinetics of antibiotic
degradation (Figure 3C). This simple model not only captures
the behavior of the equilibrium fractions, but also successfully
predicts the experimental difference equations using the same
parameter values (Figure 3A and B; Supplementary Figure S13).
Another way to think about the scaling predicted by the
model is that, at equilibrium, the number of resistant cells is
proportional to the antibiotic concentration (NRi¼ fR NiBAi).
Indeed, a plot of the equilibrium density of resistant cells
against the antibiotic concentration revealed a striking collapse
of the data extending over two orders of magnitude in the
antibiotic concentration (Figure 3D). Intuitively, more resistant
cells would be required to deactivate larger amounts of the
antibiotic within a fixed period of time. Non-intuitively, the
model predicts that the time necessary for a bacterial
population to saturate in the presence of the antibiotic is
minimized at a resistant fraction that corresponds neither to the
equilibrium fraction nor to a fully resistant population
(Supplementary Figure S14). Given the similarity between
our experimental difference equations and the well-known
‘logistic equation’ from theoretical ecology (May, 1976), we
used our model to characterize when the equilibrium fraction is
expected to become unstable, leading to oscillations around the
equilibrium. We found that the equilibrium fractions should
become unstable as the antibiotic concentration decreases;
however, the size of the oscillations does not become large
enough to observe experimentally (Supplementary Figure S15).
Addition of a b-lactamase inhibitor selects for
resistance
Given the predictive power of the model, we explored the
expected consequences of adding a b-lactamase inhibitor such
as tazobactam, which is used clinically together with many
b-lactam antibiotics (Bush, 1988; Livermore, 1995; Drawz and
Bonomo, 2010). Tazobactam competitively binds b-lactamase
enzymes (Bush, 1988; Drawz and Bonomo, 2010) and prevents
them from hydrolyzing the antibiotic, leading to an increase in
the effective KM. A sufficiently large increase in the KM can
significantly compromise the ability of resistant cells to
degrade the antibiotic, leading to complete inhibition of
bacterial growth (Supplementary Figure S16). However, if
the increase in KM is not sufficiently large, then the resistant
cells may survive the treatment, but the larger KM would
hinder their ability to protect sensitive cells against the
antibiotic. Specifically, as the equilibrium fraction of resistant
cells is proportional to KM, the model predicts that adding a
b-lactamase inhibitor will lead to an increase in the resistant
fraction. We have tested this prediction and found that the
addition of tazobactam can indeed result in a completely
resistant population (Figure 4A; Supplementary Figure S17).
Not only does the model provide qualitative insight, but it
also makes surprisingly accurate quantitative predictions
about the population dynamics that take place in the presence
of the inhibitor. Although the actual mechanism of inhibition is
more complicated (Bonomo and Tolmasky, 2007), we modeled
tazobactam as a competitive inhibitor, which increases the KM
to Keff¼KM  (1þ [I]/KI), where [I] and KI are the inhibitor
concentration and dissociation constant, respectively. As the
equilibrium fraction increases linearly with KM, the model
predicts that it should also increase linearly with the inhibitor
concentration [I]. To probe this predicted dependence of the
equilibrium fraction on the inhibitor concentration, we
measured the equilibrium fractions from maps of difference
equations obtained at varying tazobactam concentrations
(Figure 4B and C). We successfully fit the new 31 equilibrium
fractions (Figure 4C) using one additional free parameter KI,
confirming the predicted linear dependence on the inhibitor
concentration. The KI from the fit (4.6 ng/ml) was well within
the literature values (3–11.4 ng/ml; Bret et al, 1997; Kitzis et al,
1988; Drawz and Bonomo, 2010). Remarkably, using the value
A
C
B
D
Figure 3 Experimental difference equations confirm model predictions
regarding the equilibria and dynamics of resistant and sensitive bacteria.
(A, B) Experimental difference equations obtained at two dilution factors (100
and 200 ) and different antibiotic concentrations. At a given antibiotic
concentration, an increase in the dilution ratio leads to stronger selection for
resistance. Each difference equation plotted in (A, B) includes the data obtained
on three different days. Measurement error from flow cytometry was typically
smaller than symbol size. (C) The equilibrium fractions as a function of ampicillin
concentration at four different dilution factors (see Supplementary Figure S13 for
difference equations). The relationship is approximately linear for antibiotic
concentrations higher than KM. The equilibrium fractions were extracted from the
difference equation plots by determining the intersection between the difference
equations and the diagonal line (dashed line in A). Error bars represent standard
error of the mean (n¼ 3). (D) Plotting the initial density of resistant cells at
equilibrium as a function of antibiotic concentration reveals a data collapse that
extends over two orders of magnitude in the concentration. (A–D) Solid curves
show a single fit of the model to all the experimental data.
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of KI obtained from the fits to the equilibrium fractions
successfully recapitulated the dynamics across the entire
range of the difference equations (Figure 4B; Supplementary
Figure S17).
To verify that our conclusions were not limited to
tazobactam, we tried the b-lactamase inhibitor sulbactam,
which is often administered together with ampicillin clinically
(Foulds, 1986; Bush, 1988; Drawz and Bonomo, 2010). We
found that, at least for our experimental conditions (E. coli
bacteria inoculated at an initial cell density ofB105 cells/ml),
the addition of sulbactam can lead to the accelerated spread of
resistant bacterial cells in a range of clinically relevant
antibiotic concentrations (Supplementary Figure S18).
Discussion
We have presented a quantitative analysis of the population
dynamics that stem from the cooperative nature of antibiotic
inactivation, and which can lead to coexistence between
sensitive cells and resistant cells. Our analysis was based
on two key features: (1) the presence of a metabolic cost
associated with being resistant, and (2) the inactivation of the
antibiotic by resistant cells. When both features apply, our
model suggests that resistant and sensitive cells may coexist at
high concentrations of the antibiotic, with the fraction of
resistant cells approximately proportional to the antibiotic
concentration divided by the cell density. We found that this
simple dependence on antibiotic concentration and cell
density successfully predicts the equilibrium fraction of
resistant cells over two orders of magnitude in antibiotic
concentration (Figure 3D).
This model not only agrees quantitatively with experimental
data, but it also provides insight into the conditions that enable
coexistence between resistant and sensitive cells. For example,
a recent study observed coexistence with a mutated
b-lactamase enzyme that inactivated the antibiotic outside
the cell (Dugatkin et al, 2005), allowing resistant cells to
efficiently ‘share’ their resistance with the bacterial population
to support coexistence. However, in our study, we were able to
observe coexistence even with a wild-type b-lactamase
enzyme, which is primarily periplasmic (Livermore, 1995).
To properly interpret these results, it is important to recognize
that the site of antibiotic inactivation determines the degree of
preferential protection offered to resistant cells. Furthermore,
as long as resistant cells are sufficiently protected to be
unaffected by the antibiotic, only the overall rate of antibiotic
inactivation is important in determining the dynamics
between resistant and sensitive cells. Hence, even if antibiotic
inactivation occurs inside the cell, it is still a cooperative
behavior that may allow sensitive cells to survive.
The interplay between initial cell density and antibiotic
concentration is often important in determining growth
dynamics in antibiotics (Brook, 1989; Tan et al, 2012).
Likewise, our model suggested that the key parameter in
governing the population dynamics was not the antibiotic
concentration, but the ratio between the antibiotic concentra-
tion and the initial cell density. Specifically, we found that
at high cell densities, resistant cells could protect sensitive
cells against antibiotic concentration as high as 200 mg/ml
(Figure 3A), which is 100-fold higher than the MIC of sensitive
cells. Given the cooperative nature of antibiotic inactivation, it
is likely that other ecological factors will be important to
consider when attempting to understand the evolution of
antibiotic resistance (Celiker and Gore, 2012; Datta et al, 2013;
Sanchez and Gore, 2013).
One might worry that our conclusions may be limited to
laboratory strains as natural strains would be better adapted to
plasmids found in the wild. However, our model and
experiments argue that the equilibrium fraction depends only
weakly on the fitness cost of carrying the resistance plasmid
(Supplementary Figure S19). Compensatory mutations that
alleviate the cost of resistance (Bouma and Lenski, 1988;
Dahlberg and Chao, 2003; Andersson, 2006) will increase the
time it takes the population to settle into its equilibrium
fraction, but will not significantly change that fraction. Since
our model only uses a few key phenotypic traits to characterize
the outcome of bacterial growth in the antibiotic, it should be
broadly applicable in describing both intra-species (Dugatkin
et al, 2005) and inter-species (Perlin et al, 2009) dynamics.
A B C
Figure 4 As predicted by the model, addition of the b-lactamase inhibitor tazobactam increases the fraction of resistant cells in the population. (A) Sensitive E. coli cells
increase in frequency when grown in 20 mg/ml ampicillin in the absence of tazobactam; however, the addition of the inhibitor at a concentration of 1000 ng/ml results in a
completely resistant bacterial population. Cultures were diluted daily by a factor of 100 into fresh media containing 20 mg/ml ampicillin. Error bars represent standard
error of the mean of four different bacterial cultures. (B) Experimental difference equation maps for four different concentrations of the inhibitor tazobactam (in ng/ml) at a
background of 20 mg/ml ampicillin and a dilution factor of 100 (see Supplementary Figure S17 for more difference equations). Each difference equation map contains
the data obtained on three different days. (C) As predicted by the model, the equilibrium fractions depend linearly on the concentration of the inhibitor tazobactam with a
slope that depends on the ampicillin concentration. The equilibrium fractions were extracted from the difference equation plots by determining the intersection between
the difference equations and the diagonal line (dashed line in A). Error bars represent standard error of the mean (n¼ 3). (B, C) Solid curves show a fit of the model to all
the experimental data with a single free parameter of KI¼ 4.6 ng/ml (other parameters held fixed).
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Within the framework of our model an important qualitative
difference between using a bactericidal versus a bacteriostatic
antibiotic is that the overshoot of the resistant fraction above
the equilibrium fraction should only appear when using a
bactericidal antibiotic (Figure 1A; Supplementary Figure S20).
The lower the initial resistant fraction is, the longer it takes for
the antibiotic to be inactivated, and the more opportunity there
is for a bactericidal antibiotic to kill the sensitive strain and
promote the growth of the resistant strain.
Throughout our experiments, we limited ourselves to
antibiotic concentrations that do not affect the growth of
resistant cells. However, at high enough concentrations, a
bactericidal antibiotic may lead to lysis of resistant cells and
the subsequent release of their b-lactamase enzymes into the
extracellular space (Sykes and Matthew, 1976). Since these
enzymes inactivate the antibiotic even faster extracellularly,
the death of resistant cells may further increase the coopera-
tive nature of bacterial growth in the antibiotic (Tanouchi et al,
2012). Such a scenario may explain the observed non-
monotonic selection for resistance and difference equation
maps that deviate from our model at high concentrations of the
b-lactam antibiotic piperacillin (Supplementary Figure S21).
Understanding how the fraction of resistant bacteria
changes with time is a central goal in studying antibiotic
resistance. This already difficult task is further complicated by
cooperative behaviors that allow resistant microbes to ‘share’
their resistance with the rest of the bacterial population. The
cooperative nature of antibiotic inactivation causes the fitness
of resistant cells to decrease as their fraction in the bacterial
population increases (i.e., it leads to negative frequency-
dependent selection; Dugatkin et al, 2005; Figure 3A and B).
Overall, this enables coexistence between resistant and
sensitive cells, even in the absence of the spatial structure
present in biofilms (Kerr et al, 2002; O’Connell et al, 2006;
Narisawa et al, 2008), interactions between bacteria and
antibiotic degradation products (Palmer et al, 2010), bacterial
persistence (Lewis, 2007), and indole production (Lee et al,
2010). As antibiotic inactivation is a frequent mechanism
of antibiotic resistance (Wright, 2005), similar population
dynamics may appear with other classes of antibiotics (e.g.,
macrolides and aminoglycosides) and with chromosomally
encoded enzymes. However, despite the potential ubiquity of
cooperative antibiotic resistance, the social aspect of antibiotic
resistance remains underappreciated, highlighting the impor-
tance of quantitatively characterizing social interactions to
gain a thorough understanding of the maintenance of
phenotypic and genotypic diversity within populations.
Materials and methods
Strains
All strains are derived from Escherichia coli DH5a. The resistant strain
contained the pFPV-mCherry plasmid (Drecktrah et al, 2008) (also see
Addgene plasmid 20956), expressing a TEM-1 b-lactamase enzyme
and an mCherry fluorescent protein. In addition, the resistant and
sensitive strains expressed cerulean and yellow fluorescent protein
genes, respectively, under the promoter PlacUV5, and a kanamycin-
resistant gene, both carried on the plasmid pZS25O1þ11 (Lutz and
Bujard, 1997; Garcia and Phillips, 2011) (origin of replication: pSC101).
Control experiments in which the cerulean and yellow fluorescent
markers were swapped gave nearly identical difference equation maps
(Supplementary Figure S22).
Competition experiments
All cultures were grown in a shaker at 500 r.p.m. and 371C. Before the
competition experiments, single colonies of resistant and sensitive
strains were grown separately in 5 ml of lysogeny broth (LB) together
with antibiotics for selection for 23 h. The saturated cultures
(corresponding to a density ofB107 cells/ml) were diluted by a factor
of 100 and co-cultured at different fractions in 96-well plates
containing LB and 5mg/ml of kanamycin for another 23 h to
synchronize the growth state of both strains (see Supplementary
Figure S11). All competition experiments were carried out using
synchronized mixed cultures. The cultures were diluted into 96-well
plates containing 5mg/ml of kanamycin, LB, and appropriate concen-
trations of ampicillin, tazobactam, and sulbactam, and grown for
another 23 h. In multi-day experiments, cultures were serially diluted
into 96-well plates containing freshly prepared media with appropriate
concentrations of antibiotics. Control experiments showed that the
population dynamics were similar regardless of whether kanamycin
was absent or present at 5mg/ml (Supplementary Figure S23). In
addition, control experiments showed that similar growth dynamics
apply in other b-lactam antibiotics (Supplementary Figure S24).
Fractions were determined using flow cytometry on a BD-LSR II and
confirmed by plating (Supplementary Figures S1 and S2).
Supplementary information
Supplementary information is available at the Molecular Systems
Biology website (www.nature.com/msb).
Acknowledgements
We would like to thank the personnel at the Koch Institute Flow
Cytometry Core at MIT for experimental help. EAY was supported by
the National Science Foundation Graduate Research Fellowship
(http://www.nsfgrfp.org/) under Grant No. 0645960. HXC was
supported by MIT’s Undergraduate Research Opportunities Program
(http://web.mit.edu/urop/). MSD was supported by the NDSEG
Fellowship (http://ndseg.asee.org/). The laboratory acknowledges
support from an NIH R01 (no. GM102311-01; http://www.nlm.nih.-
gov/), NIH R00 Pathways to Independence Award (no. GM085279-02;
http://www.nlm.nih.gov/), National Science Foundation CAREER
Award (no. PHY-1055154; http://www.nsf.gov/), Pew Fellowship
(no. 2010-000224-007; http://www.pewtrusts.org/), Sloan Foundation
Fellowship (no. BR2011-066; http://www.sloan.org/sloan-research-
fellowships/), and an NIH New Innovator Award (no. DP2AG04279;
http://commonfund.nih.gov/newinnovator/).
Author contributions: EAY, HXC, MSD, and JG designed the
experiments. EAY, HXC, and MSD did the experiments. TA contributed
ideas to help design early experiments. EAY, HXC, and JG analyzed the
data and wrote the paper. All authors discussed the results and
commented on the manuscript.
Conflict of interest
The authors declare that they have no conflict of interest.
References
Andersson DI (2006) The biological cost of mutational antibiotic
resistance: any practical conclusions? Curr Opin Microbiol 9:
461–465
Bonomo RA, Tolmasky ME (eds) (2007) Enzyme-Mediated Resistance
to Antibiotics: Mechanisms, Dissemination, and Prospects for
Inhibition. 1st edn. Amer Society for Microbiology, Washington, DC
Population dynamics of antibiotic inactivation
EA Yurtsev, HX Chao et al
6 Molecular Systems Biology 2013 & 2013 EMBO and Macmillan Publishers Limited
Bouma JE, Lenski RE (1988) Evolution of a bacteria/plasmid
association. Nature 335: 351–352
Bret L, Chaibi EB, Chanal-Claris C, Sirot D, Labia R, Sirot J (1997)
Inhibitor-resistant TEM (IRT) beta-lactamases with different
substitutions at position 244. AntimicrobAgents Chemother 41:
2547–2549
Brook I (1984) The role of b-lactamase-producing bacteria in the
persistence of streptococcal tonsillar infection. Clin Infect Dis 6:
601–607
Brook I (1989) Inoculum effect. Clin Infect Dis 11: 361–368
Brook I (2004) b-Lactamase-producing bacteria in mixed infections.
Clin Microbiol Infect 10: 777–784
Bush K (1988) Beta-lactamase inhibitors from laboratory to clinic. Clin
Microbiol Rev 1: 109–123
Celiker H, Gore J (2012) Competition between species can stabilize
public-goods cooperation within a species. Mol Syst Biol 8: 621
Dahlberg C, Chao L (2003) Amelioration of the cost of conjugative
plasmid carriage in Eschericha Coli K12. Genetics 165: 1641–1649
Datta MS, Korolev KS, Cvijovic I, Dudley C, Gore J (2013) Range
expansion promotes cooperation in an experimental microbial
metapopulation. PNAS 110: 7354–7359
Davies J (1994) Inactivation of antibiotics and the dissemination of
resistance genes. Science 264: 375–382
Doebeli M, Hauert C (2005) Models of cooperation based on the
Prisoner’s Dilemma and the Snowdrift game. Ecol Lett 8: 748–766
Drawz SM, Bonomo RA (2010) Three decades of b-lactamase
inhibitors. Clin Microbiol Rev 23: 160–201
Drecktrah D, Levine-Wilkinson S, Dam T, Winfree S, Knodler LA,
Schroer TA, Steele-Mortimer O (2008) Dynamic behavior of
Salmonella-induced membrane tubules in epithelial cells. Traffic
9: 2117–2129
Dubus A, Wilkin JM, Raquet X, Normark S, Fre`re JM (1994) Catalytic
mechanism of active-site serine beta-lactamases: role of the
conserved hydroxy group of the Lys-Thr(Ser)-Gly triad. Biochem J
301: 485–494
Dugatkin LA, Perlin M, Atlas R (2003) The evolution of group-
beneficial traits in the absence of between-group selection. J Theor
Biol 220: 67–74
Dugatkin LA, Perlin M, Lucas JS, Atlas R (2005) Group-beneficial
traits, frequency-dependent selection and genotypic diversity: an
antibiotic resistance paradigm. Proc Biol Sci 272: 79–83
Foulds G (1986) Pharmacokinetics of sulbactam/ampicillin in
humans: a review. Clin Infect Dis 8: S503–S511
Garcia HG, Phillips R (2011) Quantitative dissection of the simple
repression input–output function. PNAS 108: 12173–12178
Goossens H, Ferech M, Vander Stichele R, Elseviers M (2005)
Outpatient antibiotic use in Europe and association with
resistance: a cross-national database study. Lancet 365: 579–587
Gore J, Youk H, van Oudenaarden A (2009) Snowdrift game dynamics
and facultative cheating in yeast. Nature 459: 253–256
Hackman AS, Wilkins TD (1975) In vivo protection of Fusobacterium
necrophorum from penicillin by Bacteroides fragilis. Antimicrob
Agents Chemother 7: 698–703
Kerr B, Riley MA, Feldman MW, Bohannan BJM (2002) Local dispersal
promotes biodiversity in a real-life game of rock-paper-scissors.
Nature 418: 171–174
Kitzis MD, Billot-Klein D, Goldstein FW, Williamson R, Nhieu GTV,
Carlet J, Acar JF, Gutmann L (1988) Dissemination of the novel
plasmid-mediated beta-lactamase CTX-1, which confers resistance
to broad-spectrum cephalosporins, and its inhibition by beta-
lactamase inhibitors. Antimicrob Agents Chemother 32: 9–14
Lee HH, Molla MN, Cantor CR, Collins JJ (2010) Bacterial charity work
leads to population-wide resistance. Nature 467: 82–85
Lewis K (2007) Persister cells, dormancy and infectious disease. Nat
Rev Microbiol 5: 48–56
Livermore DM (1995) Beta-lactamases in laboratory and clinical
resistance. Clin Microbiol Rev 8: 557–584
Livermore DM, Moosdeen F, Lindridge MA, Kho P, Williams JD (1986)
Behaviour of TEM-1 b-lactamase as a resistance mechanism
to ampicillin, mezlocillin and azlocillin in Escherichia coli.
J Antimicrob Chemother 17: 139–146
Lutz R, Bujard H (1997) Independent and tight regulation of
transcriptional units in Escherichia coli via the LacR/O, the TetR/O
and AraC/I1-I2 regulatory elements.Nucleic Acids Res 25: 1203–1210
May RM (1976) Simple mathematical models with very complicated
dynamics. Nature 261: 459–467
Narisawa N, Haruta S, Arai H, Ishii M, Igarashi Y (2008) Coexistence of
antibiotic-producing and antibiotic-sensitive bacteria in biofilms
is mediated by resistant bacteria. Appl Environ Microbiol 74:
3887–3894
Neu HC (1992) The crisis in antibiotic resistance. Science 257:
1064–1073
Nikaido H, Normark S (1987) Sensitivity of Escherichia coli to various
b-lactams is determined by the interplay of outer membrane
permeability and degradation by periplasmic b-lactamases: a
quantitative predictive treatment. Mol Microbiol 1: 29–36
Nowak MA, Sigmund K (2004) Evolutionary dynamics of biological
games. Science 303: 793–799
O’Connell HA, Kottkamp GS, Eppelbaum JL, Stubblefield BA, Gilbert SE,
Gilbert ES (2006) Influences of biofilm structure and antibiotic
resistance mechanisms on indirect pathogenicity in a model
polymicrobial biofilm. Appl Environ Microbiol 72: 5013–5019
Palmer AC, Angelino E, Kishony R (2010) Chemical decay of an
antibiotic inverts selection for resistance. Nat Chem Biol 6: 105–107
Perlin MH, Clark DR, McKenzie C, Patel H, Jackson N, Kormanik C,
Powell C, Bajorek A, Myers DA, Dugatkin LA, Atlas RM (2009)
Protection of Salmonella by ampicillin-resistant Escherichia coli in
the presence of otherwise lethal drug concentrations. Proc Biol Sci
276: 3759–3768
Sanchez A, Gore J (2013) Feedback between population and
evolutionary dynamics determines the fate of social microbial
populations. PLoS Biol 11: e1001547
Sykes RB, Matthew M (1976) The b-lactamases of Gram-negative
bacteria and their roˆle in resistance to b-lactam antibiotics.
J Antimicrob Chemother 2: 115–157
Tan C, Smith RP, Srimani JK, Riccione KA, Prasada S, Kuehn M, You L
(2012) The inoculum effect and band-pass bacterial response to
periodic antibiotic treatment. Mol Syst Biol 8: 617
Tanouchi Y, Pai A, Buchler NE, You L (2012) Programming stress-
induced altruistic death in engineered bacteria. Mol Syst Biol 8: 626
Toprak E, Veres A, Michel J-B, Chait R, Hartl DL, Kishony R (2012)
Evolutionary paths to antibiotic resistance under dynamically
sustained drug selection. Nat Genet 44: 101–105
Weinreich DM, Delaney NF, DePristo MA, Hartl DL (2006) Darwinian
evolution can follow only very few mutational paths to fitter
proteins. Science 312: 111–114
Wright GD (2005) Bacterial resistance to antibiotics: enzymatic
degradation and modification. Adv Drug Deliv Rev 57: 1451–1470
Zhang Q, Lambert G, Liao D, Kim H, Robin K, Tung C, Pourmand N,
Austin RH (2011) Acceleration of emergence of bacterial
antibiotic resistance in connected microenvironments. Science 333:
1764–1767
Zimmermann W, Rosselet A (1977) Function of the outer membrane of
escherichia coli as a permeability barrier to beta-lactam antibiotics.
Antimicrob Agents Chemother 12: 368–372
Molecular Systems Biology is an open-access
journal published by the European Molecular
Biology Organization and Nature Publishing Group. This
work is licensed under a Creative Commons Attribution 3.0
Unported Licence. To view a copy of this licence visit http://
creativecommons.org/licenses/by/3.0/.
Population dynamics of antibiotic inactivation
EA Yurtsev, HX Chao et al
& 2013 EMBO and Macmillan Publishers Limited Molecular Systems Biology 2013 7
International Conference on Genomics 
forJoin Us 2013
www.icg-2013.org   bgi-event@service.genomics.cn   +86-755-25273340 Organizer :
Over the past seven years, the International Conference on Genomics (ICG) has been one of the top grade 
gathering of global thought leaders in genomics featuring latest advancements in genomic-related fields. This 
year, BGI continues to hold series ICG conferences, including ICG-8, ICG-Americas 2013, and ICG Europe 
2013. These gatherings wil be an excelent opportunity to exchange your research experience and latest dis-
coveries, as wel as the new insights into future development of life science.
The 2nd 
International Conference 
on Genomics in the 
Americas
October 30 - November 1
Shenzhen, China
Co-organizer : UC DAVIS Co-organizer : GigaScience
The 8th 
International Conference 
on Genomics
September 12 - 13
Sacramento, USA
